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ABSTRACT

Reducing unplanned equipment failures is critical for improving efficiency and lowering operational 
costs in manufacturing systems. This study investigates the use of machine learning models to predict 
machine failure using sensor-based operational data. The AI4I 2020 Predictive Maintenance Dataset 
was used, which includes temperature, rotational speed, torque, tool wear, and machine type variables. 
Exploratory data analysis identified key patterns, including nonlinear relationships between torque 
and failure probability and strong correlations among certain sensor variables. Four machine learning 
models, Logistic Regression, Random Forest, Gradient Boosting, and Support Vector Machine (SVM), 
were developed and evaluated. Due to class imbalance, performance was assessed using precision, recall, 
and F1-score, with emphasis on failure detection. While most models achieved high accuracy (0.97-0.99), 
Logistic Regression performed poorly in identifying failures (recall = 0.12). SVM achieved a high recall 
(0.84) but suffered from low precision (0.27), resulting in excessive false positives. A tuned Gradient 
Boosting model with threshold optimization achieved the best overall performance, with a precision of 
0.77, a recall of 0.74, and an F1-score of 0.75. Receiver operating characteristic (ROC) analysis showed 
strong model discrimination, with an area under the curve (AUC) of 0.96 for Gradient Boosting and 
0.95 for Random Forest. Compared to the untuned model, recall improved substantially, enabling the 
detection of more failure events with a moderate increase in false positives. These results demonstrate 
that ensemble methods, combined with threshold tuning, provide an effective approach for predictive 
maintenance by balancing failure detection and false alarm rates.
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INTRODUCTION

Manufacturing systems are under increasing pressure 
to improve productivity while managing rising labor, 
material, maintenance, and downtime-related costs. 

Recent industry reports indicate that manufacturers 
continue to face higher operating expenses, supply 
chain uncertainty, and operational disruptions that 
reduce profitability and efficiency (1, 2). Unplanned 
equipment failures are particularly costly because they 
interrupt production, increase maintenance expenses, 
and can negatively affect product quality. As a result, 
manufacturers are seeking more effective methods to 
improve reliability while controlling costs. 

Traditional maintenance strategies rely heavily 
on scheduled inspections and time-based servicing. 
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Although preventive maintenance can reduce unexpected 
breakdowns, it often results in unnecessary maintenance 
activities and may fail to identify equipment degradation 
between scheduled inspections. Consequently, 
organizations are increasingly adopting data-driven 
approaches that improve maintenance efficiency, reduce 
operational downtime, and enhance productivity (3-5).

Machine learning offers a promising solution through 
predictive maintenance, where models analyze sensor 
data such as temperature, rotational speed, torque, 
and tool wear to identify conditions associated with 
future failures. By enabling maintenance decisions 
based on actual equipment condition rather than fixed 
service schedules, predictive maintenance can reduce 
downtime and maintenance costs. Previous research 
has demonstrated the effectiveness of machine learning 
for failure detection. For example, Hosseinzadeh et al, 
(2023) used a Gradient Boosted Decision Tree model 
to analyze predictive maintenance data and achieved an 
accuracy and recall of 0.93, demonstrating the potential 
of machine learning to identify early failure conditions 
before major equipment breakdowns occur (6).

This study utilizes the AI4I 2020 Predictive 
Maintenance Dataset, which contains 10,000 observations 
of machine operation and includes sensor measurements 
such as air temperature, process temperature, rotational 
speed, torque, and tool wear, along with machine 
failure outcomes (7). The dataset provides a realistic 
representation of industrial operating conditions and 
enables the evaluation of machine learning models using 
both sensor measurements and labeled failure events.

The primary research question of this study is: How 
can machine learning models improve machine failure 
detection for predictive maintenance? A secondary 
research question investigated which sensor variables 
provide the most actionable insight for identifying failure 
risk. To address these questions, four machine learning 
approaches, Logistic Regression, Random Forest, 
Gradient Boosting, and Support Vector Machine, were 
developed and evaluated. Model tuning and threshold 
optimization were subsequently applied to identify 
the approach that provides the most effective balance 
between failure detection and false alarm rates. 

METHODS AND MATERIALS

Dataset Description
This study utilizes the AI4I 2020 Predictive 

Maintenance Dataset, obtained from the UCI Machine 
Learning Repository (7). The dataset contains 10,000 

observations of machine operation, with each observation 
representing a single instance of equipment performance 
under varying operating conditions.

The dataset includes both continuous sensor 
distributions and categorical variables relevant to 
machine operation. The primary input variables consist 
of air temperature, process temperature, rotational speed, 
torque, and tool wear, which collectively describe the 
mechanical and environmental state of the machine. In 
addition, a categorical variable, machine type (L, M, 
H), represents different machine quality levels - low, 
medium, and high - which provides additional context 
on machine configuration and contributes to variation in 
failure risk.

The target variable, machine failure, is binary and 
indicates whether a failure event occurred. Additional 
failure subtype variables (e.g., tool wear failure, heat 
dissipation failure) are included in the dataset but were 
excluded from modeling to prevent data leakage, as they 
are derived from the primary failure outcome.

This dataset is well-suited for predictive maintenance 
applications, as it combines real-time sensor data 
with machine-specific characteristics, enabling the 
development of machine learning models to identify 
patterns associated with increased failure risk.

Data Visualization and Exploratory Analysis
Before developing any models from the AI4I 2020 

Predictive Maintenance Dataset, exploratory data 
analysis (EDA) was used to understand the dataset better 
and find patterns that might indicate when a machine 
could experience failure. Histograms of all sensor 
variables were created to help identify the distributions of 
the main sensor variables. By examining the failure rate 
of machines by type, categorical differences in failure 
risk could be assessed. Visualizations on torque were 
created to analyze the relationship between torque and 
the probability of machine failure. To better understand 
the relationships among the main sensor variables, a 
pairwise plot was created, and all visualizations were 
produced using EDA to inform feature selection and 
the selection of machine learning models capable of 
modeling nonlinear relationships.

Data Preprocessing
The dataset was first cleaned by removing non-

predictive and leakage-prone variables, including failure 
subtype indicators. The target variable was defined as 
machine failure, and the remaining variables were used 
as input features.
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Categorical variables, specifically machine type, were 
converted into numerical form using one-hot encoding. 
Continuous sensor variables were standardized using 
feature scaling to ensure consistent input for models 
sensitive to feature magnitude.

The dataset was then split into training and testing 
sets using an 80/20 stratified split to preserve the class 
imbalance between failure and non-failure observations.

Model Development
Four machine learning models were developed and 

evaluated: Logistic Regression, Random Forest, Gradient 
Boosting, and Support Vector Machine (SVM). These 
models were selected to represent a range of approaches, 
including linear, tree-based, and kernel-based methods. 
Model performance was evaluated using accuracy, 
precision, recall, and F1-score, with particular emphasis 
on recall and F1-score for the failure class due to class 
imbalance and the importance of detecting failure events.

Model Optimization 
Hyperparameter tuning was performed using grid 

search with cross-validation. For tree-based models, 
parameters such as the number of estimators, learning 
rate, and tree depth were optimized. Model selection 

Figure 1. Distributions of key sensor variables, including air temperature, process temperature, rotational speed, torque, 
and tool wear, across all machine operations. These distributions characterize typical operating conditions and provide a 
baseline for identifying deviations that may be associated with machine failure events.

prioritized recall to improve the detection of rare failure 
events.

Following model tuning, threshold optimization was 
applied to adjust the classification cutoff. Instead of 
using the default threshold of 0.5, multiple thresholds 
were evaluated to identify the optimal balance between 
precision and recall. The final model, a tuned Gradient 
Boosting classifier, used a threshold of 0.2, which 
maximized the F1-score while significantly improving 
recall.

Model Evaluation
The final model was evaluated using confusion 

matrices, receiver operating characteristic (ROC) 
curves, and precision-recall curves. These evaluation 
methods provided insight into model performance across 
different thresholds and ensured that the selected model 
effectively balanced failure detection with minimizing 
false positives.

RESULTS AND DISCUSSION

Exploratory Data Analysis Results
The distributions of the key sensor variables are 

shown in Figure 1. Air temperature and process 
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Figure 2. Failure rate by machine type low (L), medium 
(M), high (H), illustrating variation in failure risk across 
machine configurations. This result highlights the value of 
incorporating categorical features, such as machine type, 
alongside sensor data in predictive models.

Figure 3. (A) Relationship between torque and failure 
probability, showing a nonlinear increase in failure risk at 
higher torque levels. (B) Distribution of torque by machine 
type (L, M, H) and failure status, showing higher median 
torque values for failed machines across all machine types. 
Together, these results highlight torque as a key predictor 
of machine failure.

temperature exhibit approximately normal distributions, 
indicating stable ambient and operating conditions. 
Torque follows a similar pattern, suggesting that most 
observations fall within a typical operating load range. 
In contrast, rotational speed is somewhat skewed toward 
lower values, while tool wear displays a more uniform 
distribution, reflecting gradual accumulation over time. 
Together, these distributions establish a baseline for 
normal machine behavior, where deviations from these 
patterns may indicate abnormal operating conditions or 
potential degradation.

The relationship between machine type and 
failure rate is illustrated in Figure 2. Type L machines 
exhibit the highest failure rate (approximately 3.9%), 
followed by Type M (approximately 2.8%) and Type H 
(approximately 2.1%). This demonstrates that machine 
configuration contributes to variation in failure risk and 
highlights the importance of incorporating categorical 
variables alongside sensor data in predictive models.

The pairwise relationships among the sensor variables 
are shown in Figure 4. 

A strong positive linear relationship is observed 
between air temperature and process temperature, 
indicating that these variables are highly correlated and 
may provide redundant information in predictive models.

In contrast, torque and rotational speed exhibit 
a clear inverse nonlinear relationship. As rotational 
speed increases, torque decreases in a curved pattern, 
reflecting the mechanical trade-off between these 
operational variables. Notably, regions characterized 
by lower rotational speed and higher torque show a 
greater concentration of failure events, suggesting that 
these operating conditions are associated with increased 
failure risk.

From a modeling perspective, these relationships 

The relationship between torque and failure probability 
is presented in Figure 3 (A). Failure probability remains 
low at lower torque levels but increases sharply beyond a 
mid-range threshold, indicating a nonlinear relationship 
between torque and machine failure. This suggests that 
higher torque levels correspond to increased mechanical 
stress and a greater likelihood of failure, making torque 
a critical predictor in the modeling process.
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highlight the importance of feature selection and model 
choice. The strong correlation between air and process 
temperatures suggests that one of these variables may 
be redundant, while the nonlinear interaction between 
torque and rotational speed indicates the need for models 
capable of capturing complex relationships. Tree-based 
models, such as Random Forest and Gradient Boosting, 
are well-suited for this purpose and can improve 
predictive performance by modeling these interactions.

These visual analyses highlight nonlinear 
relationships and differences across machine types, 
supporting the use of machine learning models capable 
of capturing complex feature interactions.

Model Performance Results 
The performance of the machine learning models 

developed in this study was evaluated using accuracy, 
precision, recall, and F1-score, with emphasis on failure 
detection due to class imbalance. A comparison of the 
results of all the models is presented in Table 1.

Table 1 shows the results from several machine 
learning algorithms used to predict machine failure. 
Although most models achieved high accuracy scores 
(0.97-0.99), accuracy alone is not sufficient due to the 
highly imbalanced dataset, where failure instances are 
rare compared to non-failure instances.

The Logistic Regression model achieved high 

Figure 4. Pairwise relationships among sensor variables (air temperature, process temperature, rotational speed, torque, 
and tool wear), with observations colored by failure status. The matrix highlights correlations and nonlinear interactions that 
inform feature selection and model choice.
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accuracy (0.97) but performed poorly in identifying 
failures, with a recall of 0.12 and an F1-score of 0.20. 
This indicates that, while the model correctly classifies 
most non-failure cases, it fails to detect failure events 
effectively. In contrast, ensemble models such as Random 
Forest and Gradient Boosting were able to capture 
nonlinear relationships in the data, resulting in improved 
recall and F1-scores.

The SVM achieved the highest recall (0.84), 
demonstrating a strong ability to detect failures. 
However, this came at the cost of very low precision 
(0.27), indicating a large number of false positives. Such 
behavior limits its practical applicability in predictive 
maintenance, where excessive false alarms can lead to 
unnecessary maintenance actions.

The tuned Gradient Boosting model achieved the best 
overall performance, with a precision, recall, and F1-
score of 0.77, 0.74, and 0.75, respectively. Compared to 
the untuned model, recall improved significantly (from 
0.49 to 0.74), while precision decreased moderately (from 
0.89 to 0.77). This reflects a deliberate tradeoff, where the 
model prioritizes detecting more failures at the expense 
of a modest increase in false positives. Importantly, 
this tradeoff is favorable in predictive maintenance, 
where missed failures are more costly than unnecessary 
inspections.

The performance of the optimized Gradient Boosting 
model is further illustrated in Figure 5, which presents 
the confusion matrix at a threshold of 0.2.

Figure 5 shows that the model correctly identifies 50 
failure cases while missing 18 failures. This represents 
a substantial improvement over earlier models, which 
missed a significantly larger number of failure events. 
However, the improved recall comes with an increase 
in false positives, with 15 non-failure cases incorrectly 
classified as failures. This highlights the inherent tradeoff 
between sensitivity and precision. Increasing recall is 
critical, since undetected failures can result in significant 

operational downtime and cost, whereas false positives 
typically incur lower costs.

The relationship between precision and recall across 
different thresholds is shown in Figure 6, which compares 
the tuned Gradient Boosting and Random Forest models.

The precision-recall curves demonstrate that the 
Gradient Boosting model maintains higher precision 
across a wide range of recall values compared to the 
Random Forest model. As recall increases, both models 
exhibit a decline in precision due to the inherent 
tradeoff between these metrics. However, the decline 
is less pronounced for the Gradient Boosting model, 
indicating that it is better able to detect failures without 

Table 1. Performance comparison of machine learning models for machine failure prediction, evaluated using accuracy, 
precision, recall, and F1-score.

Model Accuracy (Failure) Precision (Failure) Recall (Failure) F1-score (Failure)
Logistic Regression 0.97 0.67 0.12 0.20
Random Forest 0.98 0.89 0.37 0.52
Gradient Boosting 0.98 0.89 0.49 0.63 
SVM 0.99 0.27   0.84  0.41  
Tuned Gradient Boosting 0.98 0.77 0.74 0.75

Figure 5. Confusion matrix for the tuned Gradient 
Boosting model at a threshold of 0.2, showing improved 
detection of failure cases with 50 correctly identified 
failures and 18 missed failures.
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being overwhelmed by false positives. This reinforces 
the conclusion that Gradient Boosting provides a more 
effective balance between detection and reliability.

Finally, the overall classification performance across 
all thresholds is shown in Figure 7, which presents the 
ROC curves for both models.

Both models demonstrate strong performance, with 
AUC values of 0.96 for Gradient Boosting and 0.95 for 
Random Forest. However, the Gradient Boosting curve 

consistently lies above that of Random Forest, indicating 
superior performance across all classification thresholds. 
This means that, for any given false positive rate, the 
Gradient Boosting model achieves a higher true positive 
rate than the Random Forest model, further confirming 
its effectiveness in identifying machine failures.

Overall, the results demonstrate that the tuned 
Gradient Boosting model provides the best balance 
between failure detection and false alarm rates. Its 
superior performance across multiple evaluation metrics 
and thresholds makes it well-suited for predictive 
maintenance applications, where accurate and timely 
identification of potential failures is critical.

The relative importance of each input variable in 
the tuned Gradient Boosting model is shown in Figure 
8. Feature importance analysis provides a quantitative 
measure of how much each variable contributes to 
machine failure prediction and helps address the 
secondary research question concerning which sensor 
measurements provide the most actionable information 
for predictive maintenance.

Figure 6. Precision–recall curves for the tuned Gradient 
Boosting and Random Forest models, illustrating the 
tradeoff between precision and recall across classification 
thresholds.

Figure 7. Receiver operating characteristic (ROC) curves 
for the tuned Gradient Boosting and Random Forest 
models, with corresponding area under the curve (AUC) 
values.

Figure 8. Feature importance scores from the tuned 
Gradient Boosting model, showing the relative 
contribution of each input variable to machine failure 
prediction. Higher importance values indicate a greater 
influence on model predictions.

The results indicate that torque and rotational 
speed are among the most influential predictors of 
machine failure, supporting the patterns observed 
during exploratory data analysis. Earlier visualizations 
showed that failure probability increased substantially 
at higher torque levels and that torque exhibited a 
nonlinear relationship with rotational speed. The feature 
importance analysis confirms that these variables 
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contribute strongly to model performance and are key 
indicators of machine operating conditions associated 
with elevated failure risk.

In contrast, air temperature and process temperature 
contribute less independently to prediction accuracy, 
likely because these variables are highly correlated and 
therefore provide overlapping information. Overall, the 
feature importance results provide quantitative evidence 
that operational load-related variables, particularly 
torque and rotational speed, play a central role in 
machine failure prediction and should be prioritized 
when developing predictive maintenance strategies.

CONCLUSION
	
This study examines the use of machine learning 

models to predict machine failure and support more 
efficient maintenance strategies. Using the AI4I 2020 
Predictive Maintenance Dataset, multiple models were 
developed and evaluated, including Logistic Regression, 
Random Forest, Gradient Boosting, SVM, and a tuned 
Gradient Boosting model. 

The results demonstrate that the Gradient Boosting 
model achieved the best overall performance by 
providing a strong balance between precision and 
recall. Through threshold optimization (0.2), the model 
significantly improved its ability to detect failure events, 
increasing recall while maintaining acceptable precision. 
This tradeoff is particularly valuable in predictive 
maintenance, where missing a failure can result in 
substantial operational costs.

Exploratory analysis and feature importance 
evaluation identified torque and rotational speed as the 
most influential predictive features, with their nonlinear 
relationship contributing significantly to failure risk. 
These findings highlight the importance of incorporating 
both feature interactions and nonlinear modeling 
techniques when developing predictive maintenance 
systems.

Despite these promising results, several limitations 
should be considered. First, the dataset represents 
simulated or controlled operating conditions and may not 
fully capture the complexity of real-world manufacturing 
environments. Second, failure events are relatively rare, 
which introduces class imbalance and may affect model 
generalization. Future work could incorporate real-time 
industrial data, additional contextual variables, and 
more advanced modeling techniques to further improve 
predictive accuracy and practical applicability.

Overall, this study demonstrates that machine 

learning, particularly tuned ensemble methods, can 
effectively support predictive maintenance by improving 
failure detection while balancing false alarm rates. 
Improved failure detection may help manufacturers 
make more informed maintenance decisions and reduce 
the operational impact of unexpected equipment failures.
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